Abstract. While the economic growth increases in China, the tolerance for distribution network fault decreases. To better prevent distribution network from failure, the influential factors need to be determined. This study mainly focus on the internal and external influencing factors of distribution network to examine the main factors and the degree of each factor. The database vary from daily electric load to wind scale, precipitation quantity and air quality index during 2015-2016 period. Because of the massive quantity and complexity in relevance data category, the Principle Component Analysis (PCA) has been applied in this study to reduce dimension and to de-correlate. Test the validity of influencing factor. If data pass the assessment, PCA method is used to determine the principle component expression for distribution network fault. The consequence of this study provides various repair solutions when scheduling the distribution network equipment's maintenance plan.
Introduction
As the importance of power electric distribution network increases, influencing factor estimation, distribution network fault location, and fault diagnosis methods have been studied in recent researches. The refined multidimensional chain scattering matrix or T-matrix (TM2) methods have been implemented to assess the influencing factors of underground low-voltage distribution networks [1] . A correlation analysis and a normality test have been carried out to extract useful relationships between weather conditions, such as wind, rain, and lightnings, and distribution network outages [2] . Beside, through support vector machine (SVM) algorithm, it is found in [3] that among all the meteorological factors, temperature, precipitation, and wind contribute most to the distribution network failures.
In this paper, the PCA expression for distribution network fault is established to figure out which and how the influencing factors contributing to the distribution network failure. Also, it reveals that air quality index can increase the probability of distribution network failure, which is often unrecognized in other work.
Influencing Factors of Distribution Network Fault Based on PCA Model

Data Source
The original data collected in this study are ranging from electrical power distribution network equipment service time, distribution transformer properties to daily electrical power distribution network fault informed by customers, electric load, the weather, the air quality index, etc. The variation and categories of these data form a strong support for distribution network study for the accuracy of these detailed information.
During the period from 2015 to 2016, this basic database began to gain its value in Jiangan district, Jianghan district and Qiaokou district in Wuhan, Hubei province, China. Below introduces the source of each data category. The equipment service time and distribution transformer properties are collecting through the equipment account in PMS 2.0 system; the source of customer informed fault including 95598 customer service center, mayor's hotline and grid service line; customer complaints from SG186 system; daily electric load from SCADA system; weather information including temperature, wind scale and precipitation quantity from China Meteorological Administration (CMA); and air quality index derived from Ministry of Ecology and Environmental of PRC (MEEC), as illustrated in Figure 1 
Data Processing
Missing Data Processing: Few information could be missed out or inaccessible while collecting mass data, which can to a significant extent lower the accuracy of analysis result without proper data filling measures. Common data filling methods include mean value filling, random filling, linear regression value filling and EM filling. In processing asunder distributed data, the mean value filling and EM filling methods are applied in this study.
Outlier Data Processing: Outlier data should be precisely located to eliminate a negative impact on analysis result, the approach of which is data binning, as illustrated in equation (1) and (2) below:
In which Q2 represents mean value, Q3 represents upper quartile, Q1 represents lower quartile, "up" represents upper limit, and "down" represents bottom limit.
Determine whether the target data is within the bounds and after identifying the outlier data, weights the average with historical mean value.
Principal Component Analysis (PCA)
Principal Component Analysis (PCA) is an attractive approach for data decorrelation and complexity reduction while maintaining a high accuracy and robustness in analysis results. Thus this study is dealing with 9851 electrical power distribution network faults informed by customers during 2015 to 2016 based on PCA model. Validity Test of Influencing Factor: Adequacy assessment on sampled data is a priority of factor extraction, correlation strength test and correlation duration test, and the assessment method contains Kaiser-Meyer-Olykin Measure of Sampling Adequacy (KMO) and Bartlett Test of Sphercity, of which the PCA model is premised on. It is generally considered that if KMO is above 0.9, the sampled data is perfec for PCA; if KMO is between 0.8 and 0.9, the sampled data is well suited for PCA; if KMO is between 0.7 and 0.8, the sampled data is fit for PCA; if KMO is between 0.6 and 0.7, the sampled data is barely suited for PCA; if KMO is between 0.5 and 0.6, the sampled data is narrowly fit for PCA; and if KMO is below 0.5, the sampled data is unsuitable for PCA. As for Bartlett Test of Sphercity, when the significance probability is less than or equal to significance level, PCA can be applied to the sampled data. These testing results for input data in this study is listed in Table 2 below: The KMO of input data is 0.758, between 0.7 and 0.8, thus the data is fit for PCA. In Bartlett Test of Sphercity, which determines if the variables are independent, the approximate chi-square is 478.874 with a freedom of 80, while the significance probability is 0, also presenting that the input data is suitable for PCA.
PCA Modeling in SPSS:
As the characteristic root is greater than 1, two common factors are selected, with a cumulative variance contribution rate of 86.85%. Presented in Table 3 are the correlation matrix table. In above table, component represents different components, and total representing the characteristic root's contribution on common factors; % of Variance representing the percentage of eigenvalue to variance; Cumulative % representing the cumulative value of eigenvalue in percentage of variance. Extraction Sums of Squared Loadings describes the characteristic root, the percentage of eigenvalue to variance, and the cumulative value of eigenvalue in percentage of variance of the two factors as the characteristic root is greater than 0.6. The variance of these two factors accounts for 86.85% of the total variance, reflecting all information in a more comprehensive approach. Rotation Sums of Squared Loadings describes the characteristic root, the percentage of eigenvalue to variance, and the cumulative value of eigenvalue's variance in percentage of rotation factor matrix's two factors. The scree plot is displayed in Figure 3 below: The scree plot is drawn with component number as abscissa and characteristic root corresponding to each factor as ordinate, and connecting points with straight lines. The slope of line's presents the importance of each factor, while the more steeper the slope, the larger the difference between factor's characteristic roots. According to the figure above, the slope between component one and two is at a sharp decrease, illustrating that the first two are the principle components, consisting with the conclusion in Table 3 . The component matrix is listed in Table 4 below: As there is no significant difference between each five factors' contribution to the initial eigenvalue in the component matrix listed above, a proper rotation of matrix is needed to change the distribution of information on different factors. This rotation will not change the common factor extraction, but can influence the variance contribution to each of the factor. Considering no proper explanation has been found for initial eigenvalue, a variance maximization orthogonal rotation is proposed. The result is in Table 5 and Figure 4 as below: , and air quality index (X3), while the second principle component Y2 is consisted of wind scale (X4) and precipitation quantity (X5). As a result, the principle component Y1 reflects the influence of electric load, temperature and air quality index on distribution network fault, and the principle component Y2 reflects the influence of wind scale and precipitation on distribution network fault.
Conclusion
In this paper, an approach to determine the influential factors on distribution network fault has been proposed on the basis of PCA method. The data of this study are adopted from both internal and external data base, especially considering air quality index's influence exerting on the electrical power distribution network fault. The proposed method contains a data base which can be daily updated if needed, and according to the result of which more specific maintenance strategies can be provided ahead of schedule preventing distribution network's electrical equipment failure.
Based on this study, the impact air quality placing on distribution network fault cannot be ignored, as it ranks third in the component matrix, and contributes -0.689 to the first principle component. This consequence provides a second thought when planning the maintenance schedule, and can help better improving the reliability of power electric distribution network.
